Intelligence that uses biologically inspired neural networks to recognize patterns in the natural world. These neural networks have an amazing ability to process large amounts of data and learn from them. Recurrent Neural Networks (RNN) are used in applications involving natural language processing like text translations and text generation. This research evaluates the effectiveness of a RNN to be able to automatically generate programming code. Programming languages are different from natural languages in that they have unique structure and syntax. The goal for this research is to conduct experiments on a character RNN model with for three programming languages; Java, Python and C#, and evaluate the results by testing and analyzing the ability for the RNN to automatically produce code that is able to compile.
INTRODUCTION
In the past couple of years Deep Learning (DL) has given rise to many amazing applications and technological advances in the field of Artificial Intelligence (AI). As computational resources with Graphic Processing Units(GPUs) become more readily available, researchers can now tackle problems that other machine learning algorithms could not handle [1] . At the core of DL are Artificial Neural Networks(ANNs) that were inspired by the human brain and its ability to learn and create a vast network of connections through neurons. These biologically inspired neural networks provide computers the ability to process large amounts of data and provide effective solutions for questions researchers have in image recognition, speech recognition and Natural Language Processing (NLP). Natural language processing is the way that computers can learn, analyze and derive meaning and structure from language as it is naturally spoken and written. Large amounts of NLP research have been done in the analysis of literary works and natural language spoken on social media [2] . Computer programming languages have their own complexities that natural language does not have. While code is logical and structured, the ability to write programs and code has become a desirable skill that is treated with the same intensity as knowing another language [3] . Just as any other language, the advancements in Neural Networks and Deep Learning has provided researchers resources to study and train computers to be able to understand and produce code. This could have a large impact on how computer programming will look like in the future.
A. Problem Description
Unlike training on other literary works, training a neural network on programming languages creates a unique challenge. Training on the works of Shakespeare or on the Harry Potter series by JK Rowling can produce some pretty interesting results. Excerpts of generated texts by these neural networks can almost be confused by the original works and can be fun to see how well the computer learns by example [4] . Training neural networks on computer programming languages are treated the same way as training on the works of Shakespeare; for the computer, it is just another set of training data. When the computer generates random pieces of code, the curiosity of automatic text generation does not just stop at the interesting behavior of this random code, it contributes to the excitement that there could be so much more possibilities. Because of the randomized nature of the automatic generation model, the code might not execute to produce any results or even compile. Speech and literature have a set dictionary of words and general rules for grammar and punctuation. Computer programming languages differ widely within each language and enforce strict rules of punctuation and formatting. Java code, for example, must have semicolons at the end of each line and components of programs must begin and end with brackets. In Python, there are no brackets or semicolons, but parenthesis must be open and closed correctly, but more importantly the spacing and tabs contribute greatly to the ability to read and compile code. Individual words in code changes drastically based on the programmer, depending on how they choose to name their variables and methods. A large challenge for deep learning is to be able to accurately predict the locations of parenthesis, semicolons, and spaces in a generated sequence. This paper explores a character based recurrent neural network model and evaluates the effectiveness of the neural network to be able to generate code and analyzes ability for that automatically generated code to be compiled with the least amount of errors.
B. Research Goals
The main research goal is to study the effectiveness of Recurrent Neural Networks (RNN) in their ability to automatically generate code. There are three components to this experiment in order to determine how well a RNN can learn how to code. These three components are programming language, dataset size, and training length. An evaluation of a combination of these components will help decide on what language, dataset size and training length produces the best generated code. While the implementation and internal details of the model will stay constant throughout the different trainings, these three variable components will help evaluate the effectiveness of RNN code generation.
1) Programming Language:
One goal of this research is to be able to identify the ideal programming language to train the RNN. To determine this, three different coding languages will be used for training. RNN model was trained on was Java, Python and C#. Each of these languages vary in syntax and structure. The ability for the neural network to learn around the challenges for these languages will help determine the effectiveness of the model.
2) Dataset Size:
The size of the dataset will also help in determining the effectiveness of the RNN. To determine this, each language will have two different training datasets, one small and one large.
3) Training Length: The length of training for each scenario is the third component in determining RNN effectiveness of generating code. The RNN model will train on each dataset for every language for a total of 20 iterations. The analysis and evaluation of the results will determine the threshold iteration for training.
C. Background and History 1) Deep Learning and Neural Networks
Deep Learning is an emerging approach in Artificial Intelligence(AI) that uses Neural Networks to provide computers with the ability to learn and create patterns. Neural networks were first proposed by two MIT researchers, Warren McCullough and Walter Pits in 1944 [5] . Since then, the popularity of neural networks has been up and down. More recently it has gained extreme popularity due to the increased processing power of graphics chips. Neural networks are composed of large, highly interconnected processing elements that work together to create patterns and solve problems, much like a biological neuron. There are different types of deep learning approaches and neural networks.
The most popular types of neural network architectures are Convolutional Neural Networks(CNNs) and Recurrent Neural Networks (RNNs) [6] . CNNs are used mainly in image recognition and are well suited to be able to process and handle aspects of visual data. RNNs are feed-forward neural networks that have the ability to send information over time steps. In the past these networks were more challenging to train compared to CNNs because they require large processing power. The limitations of having small processing units are long gone, with the emergence of GPUs. RNN models can solve problems that involve sequences of vectors such as image captioning, speech synthesis, music generation, language modeling, character level text generation models, and natural language translations [6] .
2) Recurrent Neural Networks
Like all other neural networks RNNs are organized in layers each made up of interconnected nodes which contain an activation function. Patterns are inserted into the model through the input layer which communicates to the hidden layers that process the data using a system of weighted connections. Then the hidden layers link to an output layer as the answer.
Recurrent Neural Networks solve a problem that convolutional neural networks and other neural networks cannot solve, they can understand sequences by the fact that the current state is affected by its previous states. In traditional neural networks, the inputs and outputs are independent of each other. In solving NLP problems, specifically text generation, the network needs to understand the previous word or character in the sequence. The reason these networks are called recurrent is because they perform the same task over for every single element in a sequence. This gives them 'memory' to remember what has been calculated so far. The diagram below describes the basic RNN cell and then shows how it can be unrolled for an entire sequence which is what helps the RNN model retain memory.
In figure 1 , the left image represents the RNN cell in its entirety. The input is represented as x and output as y. The dark blue RNN cell represents the hidden state, this is where the calculations and connections to patterns are made. The arrow that loops around represents the recurrent nature of the network, the input and output for this step is the variable H. The hidden state performs calculations based on the previous hidden state, H t-1 and input at that time, xt, and outputs the next hidden state, Ht+1 and the yt output. The calculation is usually a tanh or ReLU function. Unlike other neural networks that have different weights and biases across the cells, recurrent neural networks share the same weights and biases across all the cells. This figure only describes an RNN that is only one layer.
3) Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU):
The RNN cells as seen in figure 2 and 3 can either be a Long Short-Term Memory (LSTM) cell or Gated [7] . A Gated Recurrent Unit (GRU) cell is a variation of an LSTM introduced in 2014 that has two gates, a reset and an update gate [8] .
4) Language Model:
By creating language models to understand natural language and training neural networks to recognize patterns in text, we can teach computers to be able to generate its own text using the same patterns it trained on. Recurrent Neural Networks (RNNs) are highly suited for recognizing these patterns because of their high-dimensional hidden state that allows them to process and understand past information. Text generation is an emerging topic of research in DL and just by feeding the neural network a large text dataset such as the works of Shakespeare, the computer is able to generate similar text in the same language and structure of Shakespeare. Other text generating models have been trained on Harry Potter, music theory, recipes, the Bible and even computer programming languages. These language models are based on predicting the next word based on previous words. Word vectors are a common way of representing words as numbers, and for word based RNNs, the inputs and outputs are in the format of these word vectors. Character based RNNs use characters as the input and outputs. At the core of these language model is P(C|T) where C is the next character and T is the context of all the characters that has come before [9] .
5) Structure of the Experiments:
In this paper a character based RNN model is used in training on three different languages, with two different sized datasets and evaluated at different iterations of the model. The results of the training is analyzed and studied by generating code snippets and analyzing the effectiveness of the RNN by the code it was able to generate. The evaluation will keep in mind the three research goals (programming language, dataset size and training length).
II. RNN MODEL

A. Framework and Resources
There are many deep learning and machine learning libraries and frameworks such as Theano, Keras, Caffe, and Torch currently available for various languages [10] . One that is gaining more and more popularity in the past couple of years has been a machine learning neural network created by Google called Tensorflow. Tensorflow was released in 2015 as an open sourced stand-alone library for many machine learning and deep neural network applications [11] . The RNN model used in this experiment is built in Python using Tensorflow 1.2 with Python 3.6. Neural networks are very hardware intensive models and use up entire computational resources. Due to the number of experiments to be done, the trainings were done on different machines. Testing the implementation of the RNN model was on a MacBook Pro, the actual training experimentations executed on a 12 core desktop Linux machine and an EC2 g2.2.large computational resource from Amazon Web Services (AWS) [12] . The EC2 cloud server was running Amazon's deep learning Amazon Machine Image (AMI) with NVIDIA graphics card. Tensorflow automatically recognizes the resources available during when compiled and was able to run much faster on a GPU compared to a CPU. The Tensorflow framework on the EC2 was a version of Tensorflow optimized to run on a GPU.
B. Implementation
The RNN model used for the experiments were based on Martin-Gorner's character RNN and sherjilozir's character RNN models in Tensorflow from Github [13] . The RNN was also inspired from Andrej Karpathy's experiments on character RNNs for text generation using the Torch framework [4] . The training datasets were derived from various popular Github open sourced repositories in Java, Python and C#. The experiments were done on a large dataset and a small dataset for each of the programming languages. The Java datasets were downloaded as pre-collected Github source code from Github Java Corpus [14] . In the interest of DL and NLP, many researchers make their corpus and datasets available for further learning thus allowing other researchers to spend more time on their deep learning applications instead of cleaning and purifying data for training [15] . The Python and C# programming languages datasets the files were scraped manually from the specific Github repositories since it was difficult to find a corpus for Python and C#. After downloading the repositories, the files were filtered by either a .py file or .cs file to determine if it was a python or C# source code. The table below describes the languages and which Github projects were used in each of the datasets.
In order for the RNN model to train on the programming language datasets the data needs to be prepared first. The RNN for this research is a character language model so the inputs and outputs are characters. To do this each character in the Java, Python or C# file was appended together into one list so at each epoch, the model would iterate through this list. Before being placed in this list, each character was encoded into an integer between 0 and 97. The character is first converted into an ASCII code and then assigned a number. Since this RNN is a character based language model instead of a word based model, each character needs to be converted into a number. If it was a word based model, then each word would have needed to be converted into a word vector. Once all the characters in each file are converted into this integer code, it is then ready to be fed into the RNN. During training, the RNN model receives different parameters that will help in determining the effectiveness of the model. Some parameters of the model will stay as constants for all the trainings. The characteristics of the RNN that remain the same are that it consists of three layers of GRU cells with an internal hidden state size of 512, batch size of 200 and a sequence unrolling length of 30 characters. The vocabulary set of 98 characters was also maintained. The training dataset only had java, python or C# files in which all the characters were able to be converted in the code as described in table 2 above. For the evaluation the variables that changed across the training was the datasets. There were 3 different languages (Java, Python and C#) and 2 different sizes per language (small ~4MB and large ~8MB). While each model was trained for a maximum of 20 epochs or cycles through the entire dataset, the model was evaluated at different states during the 20 epochs. The number of batches at each epoch varies due to the size of the dataset. This amount is calculated by the length of the dataset, the batch size and sequence length. Each epoch iterates through the entire dataset using minibatches. The minibatch size is at a fixed length of the batch size (200) multiplied by the sequence length of (30), so each iteration of the RNN will process through 600 characters.
The number of minibatches per epoch is calculated based on the total character sequence divided by 600. During the training a checkpoint of the training set is saved every 500 batches into a checkpoints folder. Tensorboard, the graphical visualization tool part of tensorflow is also initiated and tracks the training. After the training is done, we can evaluate the results based on the saved checkpoints. The RNN model learns patterns based on the data fed to it. The hidden state is able to calculate probabilities and form patterns by being forced both the input and output layers. The RNN's input is just the sequential order of the data, the output is just the next character in the sequence. After training, characters are randomly generated based on the probability of the previous character III. TRAINNING During this research there were a total of 6 different training sessions. Statistics on the trainings are described in the tables II.
IV. ANALYSIS AND EVAULATION
Once all the trainings completed, we can evaluate and analyze the effectiveness of the models by generating code from the model. During the training, batch accuracy and batch loss was recorded at different epochs and was plotted using tensorboard. The tensorboard logs are very helpful in visualizing the trainings, but they do not show the comparisons between different models since it only can access the current saved model at a time. Tables III and IV From the loss and accuracy data collected the training model, the C# small dataset had the strongest performance, and the python large dataset was the weakest. Overall, Java and C# programming languages did better in comparison to Python. The differences between the large and small datasets were minimal, and did not seem to make much of a difference to train on a larger dataset. Similar results could have been achieved using a smaller dataset and would have saved a lot of time and resources. Another way to observe the effectiveness of the RNN model other than the information collected during training is by analyzing the results of the training. The RNN model is able to generate text by printing character by character. It decides on which character to pick based on the probability of the next character occurring given the current character. These probabilities were computed during the training.
The figures below illustrate a color coded mapping of the probabilities. This is a 98 x 98 matrix of all the possible characters. The lighter the block, the lower the probability of that character combination of occurring and the darker the block the higher the probability. Since these matrices are so large and difficult to see on a character level, figure 2 shows an example of a zoomed in section of the matrix for the large Java training. This probability matrix is a visual representation of how the model determine what character to choose next. As expected, after the first epoch, the probabilities are low and pretty similar for the entire matrix and at the end of the training, the matrix has darker spots representing the higher probabilities. Figure 2 takes a snapshot of the large java model's probabilities at epoch 19. The characters on the y axis represent the current character and the ones on the x axis represent the probability of the next character occurring next. For example, if the current character is 'I' there is a much higher probability that 'n' will follow compared to a 'q'.
While it is certainly interesting to view the probability matrices for all the trainings, viewing all the images together will help provide insight in the similarities and differences of the trainings. Figures 3 show these comparisons. Even though the training statistics of batch loss and accuracy produced similar results for both the small datasets and large datasets, these probability matrices show a significant difference in the models. The larger datasets have more dark spots, illustrating that the larger the dataset the stronger the connections between the characters were.
The final way to analyze the effectiveness of the character RNN is to see the results of the automated code. Code is generated by reestablishing a session from a checkpoint that was saved during training. When a session is restored the RNN generates code by selecting the next character based on the highest probability.
When comparing the automatically generated code there are many observations to be noted. Keeping the original goals of this research in mind, we can analyze the effectiveness of the RNN model. In relation to programming languages, all the languages performed well with automatic code generation, however the automatically generated Java and C# code produced better code. These examples were clearer, and the neural network learned how to open and close brackets and parenthesis, they also identified key words such as "var", "String", "public" and "void". The python model also was able to produce definitions of functions. None of the languages were able to produce code that had no compile errors. In comparison to dataset lengths, there was not much differences between the large and smaller dataset. This is interesting considering the larger dataset had created deeper connections between characters from the probabilities matrices. From a practical standpoint there was not much difference in performance of the large dataset models and small dataset models. The final unit of measure was observing the model at different times in the training. For all languages and dataset sizes, the generated code at epoch 20 was much better. The models learn how to open and close parenthesis, return variables in its own method definition
V. FUTURE WORK AND CONCLUSION
A. Future Work
Recurrent neural networks are extremely powerful and amazing deep learning algorithms to learn probabilities and generate text. Further research in automatic code generation using RNNs would be to expand on this model and fine tune the model to produce a higher batch accuracy and lower batch loss. One way to do this would be to train for longer epochs given the proper computational resources. Other ways to create better generated outputs would be to run through the training datasets and select training code that would produce the optimal results. For example, the training datasets that were used in this experiment had both source code as well as unit test code, thus the generated code had a combination of unit test syntax and source code syntax. Further research would be to limit the training datasets to only source code or unit test code to create better generated code. Java and C# languages performed the best for the RNN model, so further research would be to continue to use one of these languages to produce better results or to see if there are changes to be made in the model to allow Python to achieve similar results as the other two languages.
Another emerging field in deep learning is reinforcement learning. Currently researchers in the field of reinforcement learning have been able to train deep learning programs to play complex games and these neural network computers have been able to beat their human competitors [16] . Reinforcement learning is based on a reward system, a positive or negative reward is given after an action is taken, the model or agent then begins to learn the patterns and choose the option with the highest reward. This type of learning could be paired with the RNN in code generation. For example, once the model is trained on the character probabilities, it would run through a RL network and receive positive rewards when it generates a sequence of code that is able to compile. This would provide a little more structure for the RNN and allow for less random and more thoughtful code generation.
In other future work the character RNN model could also be combined with other NLP deep learning networks to be able to generate code based on the understanding of what type of code to generate. The possibilities of research in this field is so vast and these RNN can be used to create many interesting applications to further technological growth.
B. Conclusion
Deep learning is an emerging field with many different possibilities for computers to understand and process large amounts of data. In NLP, recurrent neural networks are able to learn sequences of words and characters to be able to quite accurately generate its own text sequences. Using character based language models in an RNN to generate programming code we were able to evaluate the actual effectiveness of these networks and provide insight and analysis of how these RNNs can create code. Java and C# programming languages performed much better than Python. While the dataset size did contribute to the level of complexities and patterns observed in the model, ultimately the dataset size did not contribute significantly to be able to produce better code. The longer the model was able to train the better it was at generating code. The combination of a Java or C# smaller dataset for a longer amount of epochs would be able to generate the best code. We were able to solve the problem of what is really needed to train a neural network to be able to produce sequences of automatically generated code.
